
ISPRS Journal of Photogrammetry and Remote Sensing 122 (2016) 179–191
Contents lists available at ScienceDirect

ISPRS Journal of Photogrammetry and Remote Sensing

journal homepage: www.elsevier .com/ locate/ isprs jprs
A co-training, mutual learning approach towards mapping snow cover
from multi-temporal high-spatial resolution satellite imagery
http://dx.doi.org/10.1016/j.isprsjprs.2016.11.003
0924-2716/� 2016 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier B.V. All rights reserved.

⇑ Corresponding author at: Department of Geographic Information Science,
Nanjing University, China.

E-mail address: xiaopf@nju.edu.cn (P. Xiao).
Liujun Zhu a,b,c,d, Pengfeng Xiao a,b,c,⇑, Xuezhi Feng a,b,c, Xueliang Zhang a,b,c, Yinyou Huang a,b,c, Chengxi Li a,b,c

aDepartment of Geographic Information Science, Nanjing University, Nanjing, Jiangsu 210023, China
bCollaborative Innovation Center of South China Sea Studies, Nanjing, Jiangsu 210023, China
c Jiangsu Center for Collaborative Innovation in Geographical Information Resource Development and Application, Nanjing, Jiangsu 210023, China
dDepartment of Civil Engineering, Monash University, Clayton, Vic. 3800, Australia
a r t i c l e i n f o

Article history:
Received 27 May 2016
Received in revised form 29 October 2016
Accepted 6 November 2016

Keywords:
Co-training
Multitask learning
Multi-temporal
Snow cover
Semi-supervised learning
High spatial resolution image
a b s t r a c t

High-spatial and -temporal resolution snow cover maps for mountain areas are needed for hydrological
applications and snow hazard monitoring. The Chinese GF-1 satellite is potential to provide such infor-
mation with a spatial resolution of 8 m and a revisit of 4 days. The main challenge for the extraction of
multi-temporal snow cover from high-spatial resolution images is that the observed spectral signature
of snow and snow-free areas is non-stationary in both spatial and temporal domains. As a result, success-
ful extraction requires adequate labelled samples for each image, which is difficult to be achieved. To
solve this problem, a semi-supervised multi-temporal classification method for snow cover extraction
(MSCE) is proposed. This method extends the co-training based algorithms from single image classifica-
tion to multi-temporal ones. Multi-temporal images in MSCE are treated as different descriptions of the
same land surface, and consequently, each pixel has multiple sets of features. Independent classifiers are
trained on each feature set using a few labelled samples, and then, they are iteratively re-trained in a
mutual learning way using a great number of unlabelled samples. The main principle behind MSCE is that
the multi-temporal difference of land surface in spectral space can be the source of mutual learning
inspired by the co-training paradigm, providing a new strategy to deal with multi-temporal image clas-
sification. The experimental findings of multi-temporal GF-1 images confirm the effectiveness of the pro-
posed method.
� 2016 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier

B.V. All rights reserved.
1. Introduction

Snow cover extent is an essential input for snow hydrological
models and snow hazard monitoring. Consequently, snow cover
maps have been extracted using Moderate Resolution Imaging
Spectroradiometer (MODIS) (Hall et al., 2002), Landsat Thematic
Mapper (TM), Enhanced Thematic Mapper Plus (ETM+) (Crawford
et al., 2013), Operational Landsat Imager (OLI) (Zhu et al., 2015)
images, and ground based digital camera (Bernard et al., 2013).
However, these sensors can unilaterally reach the high spatial or
temporal resolution required to capture the seasonal spatial and
temporal variations of snow cover. The new generation of satellites
in the form of a constellation, such as Europe’s Sentinel-2 and
China’s GF-1/6, can provide relatively high spatial resolution and
frequently revisited observations, thereby providing spatial and
temporal details of snow cover characteristics.

Current snow cover extraction approaches are mainly based on
the special spectral characteristics of snow, i.e. high reflectance at
visible wavelengths and low reflectance at shortwave-infrared
wavelengths (Warren, 1982). A series of thresholds based on Nor-
malized Difference Snow Index (NDSI) and/or spectral band ratio,
are sufficient to separate snow from snow-free (Dozier, 1989;
Hall et al., 1995; Riggs et al., 1994). Snow cover in mountain areas
in shadow has a large overlap with the snow-free region in the
spectral space (Dozier, 1989; Rosenthal and Dozier, 1996). Conse-
quently, topographic correction based on the digital elevation
model (DEM) is used to alleviate the influence of mountain shadow
(Dozier, 1989; Negi et al., 2009; Rosenthal and Dozier, 1996;
Sirguey et al., 2009). Alternatively, some studies apply shadow
masks achieved from DEM to exclude the shadow areas
(Selkowitz and Forster, 2016). To represent the subgrid snow cover
heterogeneities, empirical relationships based on NDSI
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(Salomonson and Appel, 2004, 2006) and subpixel unmixing mod-
els (Painter et al., 2009, 1998; Rosenthal and Dozier, 1996) are pro-
posed to produce fractional snow cover maps. In addition,
machining learning techniques, e.g. Artificial Neural Network and
Support Vector Machine (SVM), are applied to train more robust
models or classifiers for extracting both binary and fractional snow
cover (Dobreva and Klein, 2011; Simpson and McIntire, 2001; Zhu
et al., 2014).

Despite the great advance, it is still challenging to extract snow
cover from high-spatial and -temporal resolution remote sensing
images (HSTRRS). Commonly, shortwave-infrared wavelengths
are not covered by high-spatial resolution optical sensors. As a
result, subgrid snow cover heterogeneities become less critical
and NDSI is not available. Some indexes based on visible and
near-infrared bands provide promising alternatives for snow cover
extraction in plains (Hinkler et al., 2003, 2002) but cannot obtain
sound results in the mountain areas because of the severe influ-
ence of mountain shadow in HSTRRS. What’s worse, high-spatial
resolution DEM with satisfactory quality is not commonly accessi-
ble, making topographic correction difficult.

In our previous study (Zhu et al., 2014), a SVM based decision
tree was proposed to extract snow cover from a single high-
spatial resolution image without topographic correction, where
snow cover influenced by mountain shadow was treated as an
independent class in the classification procedure. Similar to most
of the classification methods, the main limitation of this method
is its heavy dependency on the quality of the ground-truth sam-
ples. Collecting a sufficient number of representative samples is
impractical. Moreover, even if a satisfactory classifier was trained
for an image with adequate samples, it cannot be directly applied
to other acquisitions, because the observed spectral distributions
of different images can be different for many reasons, e.g. varia-
tions in the observation geometry and mountain shadow. There-
fore, a more robust method without heavy dependency on
labelled samples and cumbersome topographic correction is
needed.

Domain adaptation (also known as transfer learning) is one of
the most promising methods to solve this problem. In the domain
adaptation paradigm, a strong classifier is trained for a specific
image (source domain) with adequate labelled samples and this
classifier is then applied to a new acquisition (target domain) with
the assistance of unlabelled samples (Liu and Li, 2014). This kind of
method has been used in remote sensing classifications (Kurtz
et al., 2014; Liu and Li, 2014), especially for the automatic updating
of land cover maps (Bahirat et al., 2012; Bruzzone and Marconcini,
2009; Matasci et al., 2015). The main challenge for the application
of this method to extract snow cover maps may be that it still
needs sufficient labelled samples for a specific image or at least a
part of an image.

Semi-supervised learning is another kind of promising
approach, which can use a few labelled samples together with
unlabelled samples to increase the reliability and accuracy of a
classifier. Four paradigms of semi-supervised learning are encoun-
tered in literature, i.e. generative models (Shahshahani and
Landgrebe, 1994), low density separation algorithms (Joachims,
1999; Vapnik, 1998), graph-based methods (Jordan, 1998), and
co-training algorithms (Blum and Mitchell, 1998). All these semi-
supervised methods have been successfully applied in remote
sensing classifications with a small group of labelled samples
(Bruzzone et al., 2006; Camps-Valls et al., 2007; Dalponte et al.,
2015; Jackson and Landgrebe, 2001; Tan et al., 2014). However,
these methods are merely suitable for the classification of single
images and needs to be extended to deal with the multi-
temporal classification.

In this study, we proposed a strategy to extend aforementioned
co-training (also known as multi-view learning) algorithms from
single image classification to multi-temporal ones so that a few
labelled samples are sufficient to extract snow cover maps from
multi-temporal images simultaneously. In the original concept of
co-training, the feature set (e.g. spectral or texture features in
terms of remote sensing data) should be split into two subsets,
where each subset should be sufficient for training a strong classi-
fier, and these classifiers are conditionally independent of each
other for a given class label (Blum and Mitchell, 1998). The process
of co-training is rather simple. Two classifiers are trained on two
subsets for the same task first. Then these classifiers provide each
other with labels for the unlabelled data. The unlabelled samples
here serve as a ‘‘platform” for information exchange (Zhou and
Li, 2010). Further studies showed that the assumption of two con-
ditionally independent feature subsets was not necessary (Wang
and Zhou, 2007). The key for the co-training approaches to succeed
is that there exists a large difference between the classifiers, while
it is not crucial in which the difference is introduced (Dasgupta
et al., 2002; Wang and Zhou, 2007). Many variants of co-training
have been proposed, e.g. an improved algorithm combining co-
training with Expectation-Maximization (Co-EM) (Nigam and
Ghani, 2000) and a further integration with SVM (Co-EM-SVM)
(Brefeld and Scheffer, 2004).

For the snow cover extraction, the multi-temporal images pro-
vide multiple descriptions (multiple feature subsets) of the same
snow cover area and these feature sets of snow cover can be differ-
ent for many reasons, e.g. ageing of snow, contamination caused by
dust, change of illumination, and observation geometry. As a result,
the classifiers respectively trained on different images have a large
difference, and the mutual learning based on the difference can,
therefore, be used to improve the reliability of classifiers. Fig. 1
depicts the relationship between the conception of original co-
training methods and the multi-temporal extension one for snow
cover extraction from HSTRRS. It is expected that a few labelled
samples are sufficient to extract snow cover from HSTRRS simulta-
neously by using the multi-temporal extension of co-training.

However, several issues should be carefully considered in the
use of the multi-temporal extension of co-training methods. While
different feature subsets split from one feature set naturally have
the same labels in the co-training methods, it is not true in
multi-temporal cases because of the possible transition between
the snow and snow-free areas in different acquisitions. In addition,
there are a large number of unlabelled samples in remote sensing.
A selection procedure is necessary to choose proper unlabelled
samples that can enhance the mutual learning. Furthermore, the
co-training methods are inherent two-class methods. Further
extension is needed to deal with the multi-temporal multi-class
problems. In this study, these issues are addressed to extend the
Co-EM-SVM from a single image classification to a multi-
temporal one. It is worth noting that other co-training algorithms
can also be extended to multi-temporal methods in a similar way.

The rest of this paper is organized in six sections. A brief intro-
duction to Co-EM-SVM, followed by the proposed method, is pre-
sented in Section 2. The study area and data are described in
Section 3. In Section 4, the experimental design is introduced.
The performance of the proposed method is evaluated in Section 5.
Sections 6 and 7 are discussions and conclusions, respectively.
2. Methodology

2.1. Co-EM-SVM

Co-EM-SVM (Brefeld and Scheffer, 2004) is an improved variant
of co-training (Blum and Mitchell, 1998) and Co-EM (Nigam and
Ghani, 2000). In Co-EM-SVM, the available feature set V of a data
set is split into disjoint sets V1 and V2 (Vi is a collection of some



Fig. 1. Relationship between the conception of original co-training algorithm and the multi-temporal extension one for snow cover mapping from HSTRRS. Two feature
subsets of a single image required in the original co-training algorithm are replaced by two images acquired over the same location in the multi-temporal extension one.
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spectral bands in terms of remote sensing data). That is, each sam-
ple (x, y) of the labelled sample set Dl is decomposed and viewed as
(x1, x2, y), where x1 and x2 are the vectors over V1 and V2, respec-
tively, and y 2 f1;�1g is the label of the sample. The procedure
of Co-EM-SVM is similar to co-training (Fig. 1). Two SVMs f1 and
f2 are trained on V1 and V2 using a few labelled samples, respec-
tively. These SVMs then estimate the class probabilities pðyjx1�Þ
and pðyjx2�Þ of the unlabelled sample set Du(x1⁄, x2⁄). Labelled and
unlabelled samples together with class probabilities are used to
re-train the classifiers iteratively. The detail of Co-EM-SVM can
be found in Brefeld and Scheffer (2004) and two key steps are
described below.

Step 1: Calculating p(y|x) for unlabelled samples. The prior prob-
abilities p(y) are calculated from the labelled data. Subsequently,
the decision values of SVM for a class p(f(x)|y) are assumed to be
governed by a normal distribution N[l, r2]. ly and r2 are calcu-
lated as

ly ¼
X
Dy
l

f ðxÞ þ
X
Dy
u

f ðxÞ
0
@

1
A,ðNl þ NuÞ; ð1Þ

r2
y ¼

X
Dy
l
[Dy

u

ðf ðxÞ � lyÞ2
0
@

1
A,ðNl þ NuÞ; ð2Þ

where Dy
u is a subset of Du, whose label is predicted as y, Nl and Nu

are the number of labelled and unlabelled samples for each class,
respectively. Then p(y|x) (x 2 Du) can be calculated by

pðyjxÞ ¼ N½ly;r2
y �ðf ðxÞÞpðyÞP

iN½ly;r2
y �ðf ðxÞÞpðyÞ

; ð3Þ

where y 2 f1;�1g.
Step 2: Training SVMs using Du and Dl. The aim is to train a

hyperplane h : f ðxÞ ¼ w � xþ b ¼ 0 on each feature subset, where
w is a vector (normal to h), and b is the bias (a constant). This
hyperplane can be trained by solving the optimization problem:

min
w;b;n;n�

1
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where nj and n�j are the slack variables for labelled and unlabelled
samples, respectively. C and Cs are the regularization parameters
for the labelled and unlabelled samples, respectively. For an unla-
belled sample x�j with a predicted label y�j ¼ argmaxypðyjx�j Þ, its
weight is defined as cx�

j
¼ pðy ¼ y�j Þðmaxpðyjx�j Þ �minpðyjx�j ÞÞ.

Four parameters are required for Co-EM-SVM, namely, the reg-
ularization parameters C and Cs, the number of iterations iter, and
the prior probabilities p(y) of the unlabelled samples. C and iter can
be provided by a parameter selection procedure or defined by the
users. Cs is set as a small value initially and then is doubled after
each round, which is designed to reduce the risk of finding the local
minima (Joachims, 1999). The initial Cs is set to C/2(iter+1) in this
study. A selection procedure for the unlabelled samples, which
can provide an accurate estimation of p(y), will be introduced in
the following subsection.

Similar to the original co-training, if the classifiers trained on
two feature sets have a large difference and each feature set is suf-
ficient to train a strong classifier (Brefeld and Scheffer, 2004), Co-
EM-SVM can improve the performance of the classifiers.

2.2. Multi-temporal extension of Co-EM-SVM

2.2.1. Framework of the proposed MSCE
The main conception of the multi-temporal extension of Co-

EM-SVM is shown in Fig. 1. Two feature subsets of a single image
required in the Co-EM-SVM are replaced by two images acquired
over the same location. A more straightforward description is pre-
sented in Fig. 2. The input includes two images T1 and T2 achieved
successively over the same area with a few labelled samples, which
are denoted by the red and blue points in Fig. 2(a). In the first step,
some unlabelled samples (green points) are selected automatically.
The details of generating satisfactory unlabelled samples will be
introduced later. Note that the labelled and unlabelled samples
have consistent labels in images T1 and T2, although the identity
of the unlabelled sample is unknown. In general, these samples
have different distributions in the feature space shown in Fig. 2
(b), which is the key for the proposed method to succeed. In the
second step, the labelled samples are used to train a pair of initial
classifiers shown as the black line in Fig. 2(c), and then these clas-
sifiers are used to estimate the class probabilities of the unlabelled
samples. In the third step as shown in Fig. 2(d), the unlabelled sam-
ples with class probabilities given by one classifier are used to re-
train the other classifier. The second and third steps are executed
iteratively until a predefined iteration number is reached or the
two classifiers yield the same prediction on the unlabelled sam-
ples. Note that these two classifiers can give different predictions
on other samples as they have quite different hyperplanes. Finally,
the trained classifiers are used to extract snow cover respectively.
Similar to the original Co-EM-SVM, if the classifiers trained for two



Fig. 2. Mutual learning procedure of MSCE. (a) Two images acquired on different phases, together with the samples (two circles with the same location in two images
correspond to a sample); (b) distributions of samples in feature space (distributions are similar, but not identical); (c) learning process where the unlabelled samples with
different confidence values are used to teach the other classifier (green circles linked with dashed line belong to the same sample); (d) learning result together with the re-
trained classification hyperplanes. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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images have a large difference and each image is sufficient to train
a strong classifier, this method is expected to train two satisfied
classifiers.

2.2.2. Selection of unlabelled samples for training
As mentioned in the introduction, a sample has the same label

in two feature subsets in the original co-training paradigm. This is
not true for some parts of the multi-temporal images as a result of
snow melting or snowfalls. A pre-selection procedure of change
detection can find the unlabelled samples with constant labels in
the multi-temporal images. In this study, an unsupervised change
detection algorithm is selected because of its independence from
the labelled samples.

Specifically, a difference image is first calculated by Chi-Square
Distance (CSD) (D’Addabbo et al., 2004). Given two images I1 and I2,
x1i and x2i are the ith pixels of I1 and I2, respectively. The CSD of the
ith sample ðx1i ; x2i Þ is computed by

CSD ¼
XN
k¼1

x1i;k � x2i;k
rk

diff

 !2

; ð7Þ

where N is the number of bands and rk
diff is the standard deviation

of the kth spectral band in the difference image. Then, the unsuper-
vised Kittler–Illingworth thresholding algorithm (Kittler and
Illingworth, 1986) is used to automatically classify the difference
image into two classes, namely, the changed and unchanged areas.
Pixels located in the unchanged area are chosen as the candidate
unlabelled sample set Duðx1�; x2�Þ. It is worth noting that adequate
unlabelled samples can always be found as the number of unla-
belled samples required is much smaller than the huge amount of
pixels in remote sensing. Moreover, the changed area commonly
accounts for a small part of the image.

A further selection procedure is proposed based on the charac-
teristics of Co-EM-SVM and the fact that the candidate unlabelled
sample set is still too large for training. In the Co-EM-SVM, there is
no selection for the unlabelled samples and the key parameter p(y)
of the unlabelled samples is assigned identically to that of the
labelled samples. The discrepancy between the p(y) of unlabelled
and labelled samples can introduces large uncertainty, especially
when only few labelled samples are available. A further selection
can help determine p(y). In addition, each round of Co-EM-SVM
requires a time equivalent to that of the standard SVM. This time
will slightly decrease by reducing the number of unlabelled sam-
ples for each class (Nu). A relatively small Nu will speed up the
learning process. Moreover, it is quite possible that one classifier
will receive labels on the unlabelled samples erroneously weighted
by the other classifier during the first round when the initial clas-
sifiers have moderate accuracy (Zhang and Zhou, 2011). Hence, this
selection procedure should have the capability to select a set of
‘‘qualified” unlabelled samples for the first round of learning.

A ‘‘qualified” unlabelled sample set means: (i) confidence, sam-
ples have high-confidence initial labels, so that one classifier can
use these samples to teach the other without harming it; (ii) differ-
ence, the selected unlabelled samples should inherit the difference
contained in the original unlabelled sample set. However, these
two points are conflicted because the unlabelled samples that have
a high confidence for both classifiers are partially selected and can-
not fully inherit the difference. Hence, a confidence-difference trade-
off selection procedure is proposed. Table 1 presents the procedure
of selecting unlabelled samples for a binary problem, which
includes the two steps given as follows.

Step 1: Selecting relatively confident samples. The unlabelled
samples near the classification hyperplane have low confident
labels than those with a larger distance. For a tradeoff between
confidence and difference, a threshold criterion is employed to
achieve the relatively confident samples without discarding
too many unlabelled samples in this step, which may have a
large difference over the two feature subsets. The threshold is
defined as the product of the confidence-difference tradeoff
parameter k and the average predicted values f(x) of each class.
The unlabelled samples whose predicted values f(x) are greater
than or equal to the threshold are retained. When k is set to a
small value, the unlabelled samples have a low average confi-
dence, but inherit a large difference. Since each unlabelled sam-
ple has two feature vectors, only the samples having a high
predicted value to predict the same label for both images are
retained. Fig. 3 illustrates why selecting the unlabelled samples
with high predicted values can alleviate the risk of ‘‘bad”
learning.
Step 2: Selecting samples from the relatively confident samples.
In most cases, the number of relatively confident samples is



Table 1
Procedure of selecting unlabelled samples for a binary problem.

Input:
Labelled sample set Dlðx1; x2; yÞ, candidate unlabelled sample set Duðx1�; x2�Þ,

number of unlabelled samples Nu to be selected for each class, and
threshold parameter k.

Begin:
For i = 1, 2
� Train a SVM fi on ðxi; yÞ
� Compute the decision values f iðxi�Þ of unlabelled samples and classify
them into positive and negative classes W�

i according to the predict label
yi

� Compute the positive and negative threshold values Th�
i :

Thþi ¼ k�meanðf iðxi�p ÞÞ; xi�p 2 Wþ
i

Th�i ¼ k�meanðf iðxi�n ÞÞ; xi�n 2 W�
i

End
� Achieve the unlabelled samples with high confidence

Dþ
u ¼ fðx1�p ; x2�p Þjxi�p 2 Wþ

i ; f
iðxi�p Þ P Thþi g

D�
u ¼ fðx1�n ; x2�n Þjxi�n 2 W�

i ; f
iðxi�n Þ 6 Th�i g

� Randomly select Nu samples from Dþ
u and D�

u respectively to define Du

End
Output: Duðx1�j ; x2�j Þ; j ¼ 1; . . . ;2Nu

Fig. 3. Example of selecting confident unlabelled samples. The unlabelled samples
linked by the dashed line are samples highly confident to f1, while they are harmful
information for f2. These samples will evidently harm the re-training f2. Only the
unlabelled samples with high confidence for both classifiers are selected, which at
least do not contain wrong information.

Fig. 4. Multiclass solution for the proposed method. (a) and (b) represent the
training and classification procedure, respectively.
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very large. To further reduce the number of selected unlabelled
samples and determine p(y), a fixed number (Nu) of the unla-
belled samples for each class are randomly selected. After this
procedure, the unlabelled sample set Duðx1�j ; x2�j Þ; j ¼ 1; . . . ;2Nu,

together with the labelled sample set Dlðx1; x2; yÞ are treated
as the input of binary Co-EM-SVM. Since the number of selected
samples for each class has the same value of Nu, the prior prob-
abilities p(y) required in Co-EM-SVM is a fixed value of 0.5.

2.2.3. Multiclass solution

Let X ¼ fxkgMk¼1 be a set of M possible classes. There are several
multiclass strategies for binary SVMs, including one against all
(OAA), one against one (OAO), and directed acyclic graph (DAG)
(Hsu and Lin, 2002). However, only the OAA strategy can be
employed in the proposed method and the reasons were well
established in Bruzzone et al. (2006). Briefly, in the selection of
unlabelled samples and learning process of Co-EM-SVM, each sam-
ple must belong to one of the two classes X� or X� (X� [X+ =X).
This means that all the unlabelled samples should be classified into
two classes. Thus, the strategies using pairwise classifiers, i.e. OAO
and DAG, cannot work (Bruzzone et al., 2006).
Based on OAA strategy, an ensemble of M (parallel) binary clas-
sification problems fxk;X�xkg, k = 1, . . . ,M is built. Then the
learning procedure of Co-SVM-EM on each problem is carried

out. Two sets of SVM classifiers ff 11; . . . ; f 1k ; . . . ; f 1Mg and

ff 21; . . . ; f 2k ; . . . ; f 2Mg are trained for I1 and I2, respectively, as shown
in Fig. 4. Finally, the original images I1 and I2 are input to the cor-
responding classifier sets and a ‘‘winner-takes-all” rule is used to
decide the label of each sample, which can be expressed as

x ¼ argmaxkff ikðxiÞg, as shown in Fig. 4.
3. Study area and data

3.1. Study area

The study area is located in the southwest of the Manasi River
Basin on the north submontane of Tianshan Mountains, Xinjiang
Province, China. This region is in an alpine area with high topo-
graphic relief and complex terrain conditions (Fig. 5). Specifically,
the elevation of this region ranges from 2549 m to 4447 m. The
proportion of area where the slope is greater than 30� is 29.4%
and the influence of mountain shadows is thus severe. The main
part of the study area is seasonally covered in snow, where the
snow accumulation period extends from November to February
of following year. Mountain belts higher than 3900 m (permanent
snow line) are covered with snow and glaciers (Cheng et al., 2006).

3.2. Data

As the first satellite of the China’s High-resolution Earth Obser-
vation System, GaoFen-1 (GF-1, which means high resolution in
Chinese) was launched on April 26, 2013. There are four wide-
field-of-view sensors (WFV) and two panchromatic and multispec-
tral sensors (PMS) aboard on GF-1. The PMS has four spectral bands
with a spatial resolution of 8 m, i.e. B1 (0.45–0.52 lm), B2 (0.52–
0.59 lm), B3 (0.63–0.69 lm), and B4 (0.77–0.89 lm). The side
swing capability of GF-1 allows PMS a short revisit period of
4 days, which can be further enhanced after the launch of GF-6
(a similar satellite of GF-1 scheduled for 2016). The spatial error
is less than 50 m without ground control points (Bai, 2013). Part
of the GF-1 data is freely available at http://www.cresda.com/EN/.

Three PMS images (T1, T2, and T3) acquired on October 7, 15,
and 19 in 2013 were used in the study, which are depicted in
Fig. 6. There was a snowfall between T1 and T2, followed by a snow
melting process which can partly reflect the snow accumulation
and melting processes in a snow season. According to the pre-

http://www.cresda.com/EN/


Fig. 5. Illustration of the study area.
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launch radiometric calibration parameters, the visible bands of
PMS are saturated when the top of atmosphere (TOA) reflectance
is greater than 0.75 during the acquisitions. As a result, the fresh
snow in sunlight (reflectance > 0.9) is saturated at these bands.
Fortunately, the ageing of snow can still be captured by the near-
infrared band. In addition, the snow in shadow has much lower
TOA and thus can be fully recorded.

In our previous study (Zhu et al., 2014), the classification strat-
egy of considering the snow-covered region influenced by moun-
tain shadows as an independent class achieves satisfactory
accuracy in extracting snow cover in the mountain shadows. This
strategy has also been used in this study. Hence, three classes were
selected, namely, snow in sunlight, snow in shadow, and snow-
free. Since no field experiment is carried out during the acquisi-
tions, samples for training and validation were selected randomly
from images and identified by visual interpretation. To select reli-
able training and validation samples, a DEM product (Advanced
Spaceborne Thermal Emission and Reflection Radiometer Global
Digital Elevation Model, ASTER GDEM, 30 m resolution) was used
Fig. 6. (a), (b), and (c) are the images T1, T2, and T3 with th
as assistance. Specifically, hill-shade images and permanent snow
cover areas (>3900 m) were determined using the DEM first. This
process does not need to delineate accurate shadows and thus
the quality and spatial resolution of DEM is not critical. We
selected 600 snow samples from permanently snow-covered
regions to form the training set. Half of them were located in the
area without direct solar radiance. The same number of snow-
free samples was selected from the regions that are not perma-
nently covered by snow. Each training sample has an identical
label on three images, which is required for MSCE. The validation
sets were built respectively for the images. The detailed informa-
tion of the training and validation sets is shown in Table 2.

4. Experimental design

4.1. Validation metric

F score was selected as the accuracy metric, which is defined as
(Olson and Delen, 2008):
e false-color composite (band 4, 3, and 2, respectively).



Table 3
A summary of parameters required in MSCE.

Parameter Meaning

r Kernel width of Radial Basis Function
C Regularization parameter
Iter Iteration number of multi-learning
Ti&Tj Temporal combination of image Ti and image Tj
Nl Number of labelled samples for each class
Nu Number of unlabelled samples for each class
k Confidence-difference tradeoff parameter
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F ¼ 2TP
2TP þ FP þ FN

; ð8Þ

where TP (true positive) is the number of snow pixels that are cor-
rectly identified, FP (false positive) is the number of snow-free pix-
els that are identified as snow, and FN (false negative) is the number
of snow pixels that are identified as snow-free. The F score is treated
as one of the most useful metrics because it penalizes both missing
snow and falsely identified bare areas as snow (Rittger et al., 2013).

4.2. Experimental setup

Three experiments were designed to evaluate the performance
of MSCE as well as the effect of unlabelled sample selection and
spatial registration error. A summary of parameters required in
MSCE is included in Table 3. Given a set of input parameters (r,
C, iter, Ti&Tj, Nl, Nu, and k), snow cover were extracted 100 times,
each of which is based on labelled samples randomly selected from
the training set and evaluated using the validation set (Table 2).
Two statistics of 100 validation results were calculated: mean
and standard deviation (SD), which reveal extraction accuracy
and stability, respectively. For simplicity, F score is used to denote
the average F score of 100 trials hereafter.

The kernel of Radial Basis Function was used. The values of r
and Cwere selected on the basis of the training error using a coarse
grid-searching method (Bruzzone et al., 2006). The candidate val-
ues for the r were {0.125, 0.25, 0.5, 1, 2, 4, 8, 16} and those for C
were {0.001, 0.01, 0.1, 1, 10, 100, 1000, 1000}. iter was 8 which is
the same as in Brefeld and Scheffer (2004). Experiment-specific
setup for Nl, Nu, k and temporal combination is included in Table 4
and the purpose of each experiment is introduced as follows:

A. The first experiment is designed to evaluate the performance
of MSCE comprehensively. Nl was set to small values (from 1
to 29 with an increment of 2) to show the performance of
MSCE when limited labelled samples are available. All possi-
ble temporal combinations were included. Nu and k was 100
and 1, respectively. The representative supervised and semi-
supervised single-image classification method, i.e. SVM
(Vapnik, 1998) and Transductive SVM (TSVM) (Bruzzone
et al., 2006), were used for comparison. Other semi-
supervised multi-temporal classification methods, e.g.
domain adaptation methods, are not designed for the cases
where only a few labelled samples are available. They cannot
be directly compared with the proposed method and thus
were not included.
The effect of temporal combination on accuracy was also
investigated in this experiment. The performance of a com-
bination is expected to associate with the two conditions
of MSCE: (i) each image is sufficient to train a powerful clas-
sifier, and (ii) the classifiers trained on two images have a
large difference. A powerful classifier naturally results in
higher accuracy and vice versa. Thus, the validation results
can be an indicator of the former. A simple metric is intro-
duced to represent the prediction difference of the classifiers
(PDC):
Table 2
Information of classes and sample sets.

Class Training set Validation set

T1 T2 T3

Snow in sunlight 300 500 500 500
Snow in shadow 300 500 500 500
Snow-free 600 1000 1000 1000
Total 1200 2000 2000 2000
PDCðf 1; f 2Þ ¼ 1�
XNu

i¼1

dðf 1ðx1�i Þ � f 2ðx2�i ÞÞ=Nu; ð9Þ
where f1 and f2 denote two classifiers. (x1�i ; x2�i ) is an unlabelled sam-
ple. d(x) is the Dirac Delta function which equals 1 if x = 0. When f1

and f2 have different prediction on all samples, PDC has a maximum
value of 1.

B. The influence of two parameters related to the selection of
unlabelled samples is investigated in the second experiment,
which includes two sub-experiments. Nu was changed from
a small value to a larger one to exploit the impact of Nu

(Table 4). The temporal combination and k were set to
T1&T2 and 1, respectively. Since the optimal Nl is expected
to tightly relate to Nu (Castelli and Cover, 1996), Nl was also
changed from 1 to 29 with a transition at 2 to show its inter-
active effect with Nu on accuracy. Similarly, k was changed
from 0 to 1.8 with other parameters fixed to exploit its
impact on accuracy in the second sub-experiment.

C. The spatial correspondence of multi-temporal image is one
of the essential bases for the proposed method. Thus, the last
experiment is designed to test the influence of spatial regis-
tration error. Specifically, we moved T2 in four directions
with different pixels, i.e. north-south, northwest-southeast,
west-east, and southwest-northeast, to introduce the spatial
registration error manually. Then, the new T2 was combined
with T1 to repeat the experiments.

5. Results

5.1. Performance of MSCE

Fig. 7(a) and (d) shows the results of T1. In general, the F scores
of three algorithms gradually increase when Nl increases. The F
scores of MSCE changes from 0.874 to 0.905 (using the combina-
tion of T1&T2) and from 0.874 to 0.899 (using the combination
of T1&T3), which is greater than that of SVM and TSVM in all cases.
Specially, semi-supervised methods (MSCE and TSVM) have signif-
icantly better performance than SVM when only a sparse labelled
set is available but this gap decreases when Nl increases. This can
be explained by that, when more labelled samples are available,
the real distribution of test data has been well represented by
the labelled samples, resulting in a diminished effect of the unla-
belled samples in defining the classification hyperplane. In addi-
tion, three algorithms reach high accuracies when Nl is greater
than a certain number, which is 15 for SVM and 5 for MSCE and
TSVM. This indicates that the unlabelled samples can help repre-
sent the general classification problem with fewer labelled sam-
ples. With respect to the SDs, MSCE has smaller SDs than SVM
and TSVM in most cases. Particularly, the SDs of MSCE are much
smaller than those of SVM and TSVM when only one sample is
available for each class. The SDs of MSCE in the case Nl = 1 are
0.055 (T1&T2) and 0.061 (T1&T3), while these are doubled in the



Table 4
Details of the parameters for each experiment. A:B:C means the value of this parameter changes from A to C with a transition at B.

Experiment name Nl Nu k Temporal combination

General performance 1:2:29 100 1 T1&T2, T1&T3, T2&T3
Selection of parameter Nu 1:2:29 10:20:90; 100:200:900 1 T1&T2
Selection of parameter k 1:2:29 100 0:0.2:1.8 T1&T2
Influence of spatial registration error 1 100 1 T1&T2
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results of TSVM (0.128) and SVM (0.104). In the results of T2 and
T3, a similar phenomenon can be observed.

A comparison on different temporal combinations for each
image is depicted in Fig. 8. For T1, the combination of T1&T2
achieves better results than T1&T3 owing to higher F scores and
smaller SDs in all cases. The optimal combination for T2 and T3
is T1&T2 and T2&T3, respectively. This can be partly explained
by the fact that a powerful ‘‘partner” can provide accurate label
information, and thus, the other classifier can naturally benefit
from mutual learning. Specifically, three algorithms achieve the
best results in T2 followed by T1 and T3 (Fig. 7). This indicates that
the classifier trained on T2 can provide more accurate label infor-
mation than others. As a result, T1 has higher F scores in T1&T2
than in T1&T3 in all cases and T3 has higher accuracy in the com-
bination of T2&T3 than in T1&T3.

To further illustrate the difference caused by temporal combi-
nations, the PDC values of three temporal combinations before
and after mutual learning were calculated using Eq. (9) and
depicted in Fig. 9(a). In general, the initial classifiers have higher
PDC values than the classifiers after learning. This is because, in a
mutual learning process, the difference between two classifiers is
utilized to improve the performance of the initial classifiers. The
classifiers will gradually provide more consistent prediction for
the same unlabelled samples, thereby decreasing the PDC. Further
results are depicted in Fig. 9(b), which shows the PDC difference
before and after mutual learning. Generally, T1&T2 have the high-
est decrease of PDC values after learning followed by T2&T3 and
Fig. 7. Average F score and standard deviation versus the number of labelled samples N
MSCE) on T1, T2, and T3, respectively; (d), (e), and (f) are the corresponding standard d
T1&T3. This is another possible reason for the results shown in
Fig. 8. For example, in image T1, the PDC difference in T1&T2 is sig-
nificantly greater than that in T1&T3, which means more difference
is used to improve the performance of classifier in T1&T2. Conse-
quently, T1 has higher F scores in T1&T2. Similarly, T2&T3 has a
lower PDC difference than T1&T2, hence T2 achieves better results
in T1&T2 than in T2&T3. For T3, T2&T3 is a better choice because it
has a greater difference than that of T2&T3. In addition, the
exploited difference during the mutual learning process may
directly relate to the success of MSCE rather than the absolute dif-
ference. For example, T2&T3 has the highest PDC. Nevertheless, T2
achieves higher F scores in T1&T2 (has the largest PDC gap) rather
than T2&T3.

A comparison of the best snow cover maps extracted by the
proposed method with Nl = 1 from the snow cover maps extracted
by SVM with Nl = 400 is depicted in Fig. 10. The classification
agreement is shown in white for the snow pixels and in grey for
the snow-free pixels. Inconsistent pixels are depicted in yellow
and red. Besides, the F scores of the snow cover maps are also
included. In the viewpoint of validation results, the best classifier
of MSCE trained on 3 labelled samples (Nl = 1) achieves better
accuracy on T2 and worse results on T1 and T3 than SVM with
Nl = 400. However, the gap between them is limited (<0.015). This
indicates that MSCE helps recover all the information of a large
training set by exploiting the information contained in the unla-
belled samples. In the aspect of visualization results, the snow
cover in T1 and T3 is mainly concentrated in the areas with high
l. (a), (b), and (c) are the average F scores of the three algorithms (SVM, TSVM, and
eviations.



Fig. 8. Impact of different temporal combinations on the extraction results. (a) and (b) respectively show the difference of F score and the standard deviation between
different combinations on three images.

Fig. 9. Prediction differences between classifiers. (a) is the PDC of three temporal combinations before and after mutual learning, and (b) is the difference between PDC before
and after mutual learning.
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elevation. The area of snow cover in T2 is much greater than that in
other images as a result of snowfalls between T1 and T2. Two algo-
rithms result in similar results for T2. In T1 and T3, a large number
of pixels are classified as snow by MSCE but interpreted as snow-
free by SVM. Most of such inconsistences are located in the area
influenced by mountain shadows and the area near the boundaries
of snow patches, and presented as small patches.
5.2. Influence of unlabelled sample selection

5.2.1. Influence of Nu

Fig. 11 shows the F scores and SDs based on different Nu and Nl.
The highest F score and lowest SD for each Nl are depicted in rect-
angles. We can clearly see that when Nl increases, Nu that makes
MSCE achieve the best performance increases accordingly. That
is, the impact of Nu on the accuracy and stability is dependent on
the number of available labelled samples. For a small Nl, fewer
unlabelled samples result in a higher accuracy and lower SD. How-
ever, this phenomenon is reversed when more labelled samples are
available, i.e. a larger group of unlabelled samples performs well in
terms of both accuracy and stability. Therefore, a small Nu is sug-
gested when very few labelled samples are available, while a large
Nu is more suitable when there are adequate labelled samples.
5.2.2. Influence of k
Experiments on T1 with different k values were carried out

using the combination T1&T2. Fig. 12 shows the F scores based
on different k and Nl. We can clearly find that the impact of k on
the accuracy is quite different when Nl is different. Specifically,
where Nl is a small value (see the black line in Fig. 12), the F score
gradually increases initially and then decreases as the k increases.
High F scores are achieved when k has a moderate value (0.8–1.2).
Thus, the tradeoff between confidence and difference is crucial to
achieve better results when a few labelled samples are available.
In addition, the variation of F scores caused by different k gradually
decreases as Nl increases. This indicates the MSCE based on a smal-
ler group of labelled samples is more sensitive to k than that
trained by a larger set of labelled samples. When Nl is a relatively
larger number (see the grey lines in Fig. 12), the F score slightly
decreases as k increases. This means selecting relatively confident



Fig. 10. Comparison of the snow cover extracted by the proposed method with Nl = 1 and the snow cover extracted by SVM with Nl = 400. (a), (b), and (c) are the results of
image T1, T2, and T3, respectively.

Fig. 11. Impact of different Nu values on the results. (a) represents the F scores based on different Nu and Nl (the highest F score for each row is outlined by a red square), and
(b) represents the corresponding SDs (the lowest SD for each row is outlined by a blue square). (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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unlabelled samples is not critical, and it can even have a negative
influence on the accuracy. The reasons for these observations are
that a small labelled sample set is more likely to train mediocre
classifiers under the influence of ‘‘bad” information provided by
their partners. Hence, the confidence and difference should be con-
sidered simultaneously. On the other hand, the initial classifiers
trained by a large set of labelled samples are more robust and less
capable of providing ‘‘bad” information in the mutual learning pro-
cess. In these cases, the difference is more important. Therefore, a
moderate k (	1) is suggested when Nl is small, while a small k is
more suitable when adequate labelled samples are available.
5.3. Influence of spatial registration error

Fig. 13(a) shows the F scores of T1 versus the simulated spatial
registration error in pixels, where a negative value means a bias in
the former direction. For example, �10 in the x-axis for the north-
south means a 10 pixels-offset in north. An interesting phe-
nomenon that the proposed method can benefit from the bias in
terms of F scores is observed. Larger biases result in higher F scores
in general. This is especially significant when the bias is greater
than 5 pixels. There is no significant difference along different
directions of bias in terms of the results. Fig. 13(b) depicts the rela-



Fig. 12. Impact of different k values on the results in terms of F score. Different line-
symbols indicate the results based on different Nl values.
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tionship between the bias and SDs. Obviously, a smaller spatial
bias results in a smaller SD when the spatial bias is less than 5 pix-
els, while these tendencies were reversed as the bias continues to
increase. Explanations for those results are that: (i) a change detec-
tion procedure is applied to remove the changed area, so that the
spatial registration error does not introduce extra uncertainty;
and (ii) given a selected unlabelled sample set, the spatial registra-
tion error may increase the difference between p(x1⁄|y) and p(x2⁄|
y), which is the main reason for the success of MSCE. Therefore,
we can at least safely make a conclusion that the spatial registra-
tion error will not have a negative influence on the proposed
method.
6. Discussions

The main principle behind the co-training methods is similar to
that of ensemble learning (Zhou and Li, 2010). Different classifiers
trained for the same classification task can learn from each other
using the labelled samples in ensemble learning, while co-
Fig. 13. Influence of spatial registration error. (a) and (b) are respectively the F score
training methods exploits the unlabelled samples in a similar
way. In MSCE, two feature subsets of an image are replaced by
two images of land surface and thus MSCE can solve multiple clas-
sification tasks simultaneously. Similar to the original co-training
algorithms, two conditions of MSCE are: (i) each image is sufficient
to train a powerful classifier, and (ii) the classifiers trained on two
images have a large difference. These conditions have been con-
firmed by the results observed in Section 5.1. It is worth noting
that no pre-procedure is designed in MSCE to ensure these condi-
tions. We assumed that the non-stationary characteristics of the
observed reflectance of snow cover in multi-temporal images can
provide sufficient difference and the four spectral bands are suffi-
cient to extract the snow cover. However, the difference between
two images is not confined to the spectral characteristics and can
be further enhanced by texture features. Accordingly, further stud-
ies can focus on increasing the difference of classifiers using differ-
ent feature sets for different images and extracting more powerful
feature set for each image simultaneously. A potential approach is
to combine feature extraction and selection algorithms with MSCE.

The comparison on the three algorithms indicated that two
semi-supervised algorithms (MSCE and TSVM) were superior to
the supervised one (SVM) and the mutual learning of MSCE (based
on two images) was more robust than the transductive learning of
TSVM (based on single image). This is because the mutual-learning
procedure of MSCE utilizes the information contained in unlabelled
samples in a safer way. If the initial classifier for an image is not
powerful, it is difficult for the transductive learning to obtain a bet-
ter classifier than the initial one (Bruzzone et al., 2006; Vapnik,
1998). On the other hand, the bad initial classifier for an image
may be made up by learning from the other classifier in MSCE,
which can produce safer results. However, it is still difficult to
improve the initial classifiers if both of them are poor. In view of
absolute accuracy, MSCE achieved satisfied F scores (	0.9) when
the number of labelled samples per class are greater than 5. This
is close to or better than the F scores of binary snow cover maps
extracted by other methods from various sources (Graham and
Harris, 2003; Rittger et al., 2013; Selkowitz and Forster, 2016).

Despite the satisfied results, more experiments are needed to
confirm the effectiveness of MSCE. Although a snowfall followed
by a melting process was observed during the acquisitions and it
can partly represent the snow accumulation and melting processes
in a snow season, more images with different time intervals are
needed to test the ability of MSCE in mapping long time series
s and the standard deviations for snow with different biases in four directions.
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snow cover. In addition, the effect of cloud is also not considered. It
is worth noting that separating snow from cloud is not straightfor-
ward in HSTRRS as shortwave-infrared wavelengths are not avail-
able. Current cloud detection algorithms, e.g. the improved Fmask
algorithm (Zhu et al., 2015), cannot work. Time series analysis may
be more promising because the variation of snow cover happens at
a longer interval with respect to cloud, e.g. the method proposed
by Hagolle et al. (2010).

In view of practical application, MSCE is more complex than
other methods, e.g. SNOMAP (Hall et al., 1995). It at least needs
several labelled samples and some user defined parameters includ-
ing temporal combination, Nu, and k. However, the results shown
in Figs. 11 and 12 provide some suggestions on determining these
parameters, which include: (i) selecting a powerful ‘‘partner” is
essential to achieve better performance, and (ii) a small Nu and a
moderate k (	1) are more suitable when only a sparse training
set is available. Besides, MSCE should be further extended to
extract snow cover from more than two images. One promising
approach is to replace Co-EM-SVM used in MSCE with other co-
training algorithms. Taking tri-training (Zhou and Li, 2005) as an
example, it exploits unlabelled samples using three classifiers
and thus the combination of tri-training and the framework of
MSCE is expected to extract snow cover from three images simul-
taneously. More generally, inspired by the integration of co-
training paradigm and ensemble learning (Zhou, 2011), an ensem-
ble of classifiers trained on time series images can learn from each
other using unlabelled samples to derive time series snow cover
maps.
7. Conclusions

In this study, a semi-supervised method was designed to map
snow cover from HSTRRS. A sparse training set is sufficient to
extract the multi-temporal snow cover collectively. Particularly,
this method exploits the difference between the observed spectral
distributions of two images in a mutual learning way, providing a
new strategy to deal with multi-temporal image classification. The
proposed method extends the Co-EM-SVM from a single-task
method to a multitask one. Such extensions can also be employed
in other algorithms of the co-training paradigm.
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